Abstract: Urbanization is typically accompanied by the relocation and reconstruction of industrial areas due to limited space and environmental requirements, particularly in the case of a capital city. Shougang Group, one of the largest steel mill operators in China, was relocated from Beijing to Hebei Province. To study the thermal environmental changes at the Shougang industrial site before and after relocation, four Landsat images (from 2000, 2005, 2010 and 2016) were used to calculate the land surface temperature (LST). Using the urban heat island ratio index (URI), we compared the LST values for the four images of the investigated area. Following the relocation of Shougang Group, the URI values decreased from 0.55 in 2005 to 0.21 in 2016, indicating that the surface urban heat island effect in the area was greatly mitigated; we infer that this effect was related to steel production. This study shows that the use of Landsat images to assess industrial thermal pollution is feasible. Accurate and rapid extraction of thermal pollution data by remote sensing offers great potential for the management of industrial pollution sources and distribution, and for technical support in urban planning departments.
Introduction
The world's urban population has grown rapidly, from approximately 0.7 billion in 1950 to almost 3.9 billion in 2014, and it is expected to reach 6.3 billion by 2050, a potential increase of more than two-thirds [1] . Rapid urbanization of human society results in increasing replacement of natural landscapes by impervious surfaces, which can alter surface radiation, thermal properties, and humidity over urban areas [2] . Anthropogenic waste heat generated through energy use by industry, traffic, and buildings has long been recognized as a contributor to the urban heat island (UHI) [3] [4] [5] [6] [7] . Recently, many industries located in urban areas have experienced excess capacity problems; such problems are especially common in the steel, coal, cement and power industries, which change land surface thermal radiance and contribute to industrial heat pollution and thermal anomalies [8] [9] [10] [11] . Thus, accurate and rapid extraction of thermal pollution data has great potential in the management of industrial pollution sources and distribution.
China is a typical example of the inevitable trend of increasing urbanization [8] . Dramatic industrialization and rapid economic growth over recent decades have turned the country into a global factory, and one of the largest global energy consumers [12, 13] . The distribution of anthropogenic heat flux over China has been studied based on data from the Chinese Statistical Yearbook, and results imply that thermal pollution will become increasingly serious with the rapid growth of urbanization, resulting in substantial regional climate change and air pollution [14] . Consequently, it is especially important for Chinese cities to rapidly inventory sources of thermal pollution, and take steps toward its mitigation. For this reason, we have chosen the Shougang industrial site in China as our study area.
Thermal pollution can be evaluated by air temperature (AT) and satellite land surface temperature (LST) measurements [15] . AT and LST correspond to each other because the AT at the Earth's surface is controlled by the thermal properties of the underlying surface; however, the temperature dynamics and spatial variability in temperature values in atmospheric UHIs and surface urban heat islands (SUHIs) can differ greatly. AT is typically measured at approximately 5 feet (1.5 m) above the ground by weather stations, which use high temporal resolution [16] [17] [18] [19] [20] [21] . However, due to the sparse distribution of observation stations, spatially continuous analysis is difficult. To solve this problem, the use of satellite data for the detection and assessment of SUHIs has been attempted [22] [23] [24] [25] [26] . Remote sensing data have wall-to-wall continuous coverage of urban areas [27] . Therefore, LST data derived from thermal infrared remote sensors have become commonly used indicators for heat island analysis [15] .
Numerous studies have examined the relationship between SUHIs and urban planning. Significant mean temperature differences associated with different types of zoning in Indianapolis have been found using enhanced thematic mapper (ETM+) remote sensing data [28] . In a study of residential development patterns and UHI formation in Atlanta, lower-density residential development patterns were found to contribute more radiant heat energy to surface heat island formation than did higher-density development patterns [29] . Anthropogenic buildings were found to have pronounced UHI effects on a rapidly urbanizing arid region compared with an adjacent rural region [30] . Land usage has been shown to influence SUHIs; industrial, commercial, and residential areas, and airports and parks, exhibit high daytime temperatures [31] . Temperatures differ between industrial and commercial areas with grass and impervious surfaces [32] .
Studies such as those cited above have focused on land cover and land use at the city scale; few have investigated the effects of functional area reconstruction on SUHIs. The objective of this study was to analyze the influence of industrial relocation on the thermal environment using Landsat data for the case of the Shougang Group in Beijing, China. To compare LST values from remote sensing data for different periods, we used the urban heat island ratio index (URI). We then performed spatial and temporal analysis of the SUHI to detect changes in thermal pollution due to the relocation process. Finally, the relationships between the SUHI and land cover type, URI, and steel production were examined to determine the cause of the mitigation of thermal pollution following the relocation of the Shougang industrial site.
Materials and Methods

Study Area
The Shougang industrial site was located at 116 • 7 43" E-116 • 11 51" E and 39 • 53 14" N-39 • 55 43" N in the Shijingshan District of Beijing City, 18 km from Tiananmen Square. It was bordered to the west by the Yongding River (Figure 1 ). The area of the study site is 9.98 km 2 . Shougang Group is one of the largest operators of steel mills in China, engaging in high-emission production processes including coking, sintering, ironmaking, steelmaking, and steel rolling (Figure 1d ). Industrial processes release large amounts of waste heat, causing the loss of usable energy and environmental pollution. With approval from the State Council, the Shougang Group relocated from Beijing beginning in 2005, ending production at the investigated site in 2010. Shougang was then reconstructed as a new industrial park. 
Data Acquisition
Landsat images used in this study were downloaded from the United States Geological Survey data archive. 
Work Flow
The overall work flow was composed of four steps (Figure 2 ): LST retrieval, URI calculation, SUHI analysis, and determination of the relationships between thermal pollution and land cover types and steel production. Four Landsat images were used in the first step to calculate LST. These results were generated using the radiance transfer equation, which includes apparent radiance, land surface emissivity (LSE), and radiance of blackbody calculations. In the second step, we used a normalization method and a density-slicing classification technique to complete LST-level distribution. We then calculated the URI, to compare LST data from different periods. Based on these results, we conducted spatial and temporal SUHI analysis for the Shougang industrial site and the surrounding area. Finally, we analyzed the relationship between the SUHI and land cover types, and that between the URI and steel production. 
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LST Retrieval
Landsat TM data comprise one thermal band (band 6), whereas Landsat 8 data have two (bands 10 and 11). Because band 11 has a running fault, we used a radiance transfer equation (single channel) to retrieve LST: 
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where T s is the LST(k); L sensor is the apparent radiance (W·m -2 ·sr -1 ·µm -1 ), acquired by image calibration; B(T s ) is the blackbody radiance under temperature T s , based on Planck's law (W·m -2 ·sr -1 ·µm -1 ); L ↑ atm and L ↓ atm are the upwelling and downwelling atmospheric radiances, respectively (W·m -2 ·sr -1 ·µm -1 ); τ is the atmospheric transmittance, retrieved from the National Aeronautics and Space Administration (NASA) website (http://atmcorr.gsfc.nasa.gov/); ε is the ground emissivity, calculated using the near-infrared and visible bands.
Apparent Radiance
Apparent radiance is calculated by converting the digital number (DN) value to pupil radiance. For Landsat data, the equation is:
where Gain and Offset are the Landsat thermal infrared band values. For the TM data, Gain = 0.0553 and Offset = 1.1824; for the Landsat 8 data, Gain = 0.0003 and Offset = 0.1000.
Land Surface Emissivity
LSE is required when LST is retrieved based on the radiance transfer equation. The normalized difference vegetation index (NDVI) is typically used to acquire LSE [33] [34] [35] [36] . In this study, we used the following LSE calculation method. Based on mixed-pixel decomposition, objects were classified as water, vegetation or buildings. The value of water emissivity was 0.995; natural surface and building emissivities were calculated by the following equations, respectively [36] :
R v , R s , and R m are the temperature ratios of pure vegetation, soil, and building pixels, respectively: R v = 0.9332 + 0.0585P v , R s = 0.9902 + 0.1068P v , and R m = 0.9886 + 0.1287. ε v , ε s , ε m are the emissivities of pure vegetation, soil, and building pixels, respectively, where ε v = 0.986, ε s = 0.972, ε m = 0.970. dε is the terrain geometry; when the terrain is flat, dε = 0. P v is the vegetation coverage, calculated by the following equation:
where NDVI max = 0.70, NDVI min = 0.05 [37, 38] , When a pixel's NDVI value is > 0.7, P v = 1; when a pixel's NDVI value is < 0.05, P v = 0.
Land Surface Temperature Retrieval
We obtained the downwelling and upwelling atmospheric radiances L ↓ atm and L ↑ atm and the atmospheric transmittance τ from the NASA website (http://atmcorr.gsfc.nasa.gov/), by entering parameters including time, longitude and latitude of the investigated area, atmospheric model, and sensor type. Radiance of the blackbody B (Ts) can be calculated based on Equation (1). Land surface temperature, T s , can then be calculated based on the Planck inverse function, 
LST Level Distribution
Direct comparison of thermal data for different periods using absolute LST values is inappropriate [39] . Thus, a normalization method was used to compare the calculated LST data from the four study years. The LST images were rescaled to the same level between 0 and 1 using the maximum and minimum values for those images. The equation is as follows:
where T i is the normalized value of i th pixel, T si is the LST of the i th pixel, T smax is the maximum value of that image, and T smin is the minimum value of that image. The normalized LST images were divided into five temperature levels using the density-slicing classification technique [40] , with the lowest value assigned to level 1 and the highest to level 5. The area change of each temperature level before and after relocation of the Shougang industrial area was analyzed (Table 1, Figure 3a -d). 
where Ti is the normalized value of ith pixel, Tsi is the LST of the ith pixel, Tsmax is the maximum value of that image, and Tsmin is the minimum value of that image. The normalized LST images were divided into five temperature levels using the density-slicing classification technique [40] , with the lowest value assigned to level 1 and the highest to level 5. The area change of each temperature level before and after relocation of the Shougang industrial area was analyzed (Table 1, Figure 3a -d). (6) 
Uban Heat Island Ratio Index
To assess the difference in SUHI effect among the four years, we used the URI, which was proposed to compare SUHI differences between periods quantitatively [41] . A larger URI value indicates a more serious SUHI effect. The URI is expressed as follows:
where m is the number of divided temperature levels and n is the number of temperature levels that are higher than those in surrounding areas. Wi is a weight value determined using the value of the corresponding level (i), and pi is the percentage of the area of level i with respect to the entire area.
In this study, temperature values were higher in the areas of levels 4 and 5 than in the surrounding area. In such a case, m is 5; n is 2; w1 and w2 are 4 and 5, respectively; and pi can be obtained from Table 1 
Building Area Extraction
To evaluate changes due to land cover type, an index-based built-up index (IBI) was used to extract building areas. This thematic-oriented technique was proposed to delineate building area from nonbuilding area, based on three existing indices: the soil-adjusted vegetation index (SAVI), the modified normalized difference water index (MNDWI), and the normalized difference built-up index (NDBI) [42] . The IBI clearly separates the spectral clusters of three major urban components: built-up land, vegetation and water. It is expressed as follows: 
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In this study, we used the IBI to detect changes in building and nonbuilding areas in the Shougang industrial area during the study period (Figure 4 
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In this study, we used the IBI to detect changes in building and nonbuilding areas in the Shougang industrial area during the study period (Figure 4) . 
Results and Discussion
SUHI Change Analysis
Temporal Analysis of SUHI Changes in the Shougang Industrial Area
Urban construction in China was in a stage of rapid development between 2000 and 2005, concurrent with yearly increases in steel production at the Shougang industrial site. During this period, the area represented by temperature levels 4 and 5 increased from 38.85% to 63.57% (Figure 3a,b) , and the URI value increased from 0.34 to 0.55. Beginning in 2005, the Shougang Group relocated gradually to a coastal area in Hebei Province. Steel production decreased annually in the investigated area, and production was halted until the end of 2010. Although steel production continued in May 2010, the SUHI effect was apparently lower than in 2005 ( Figure 3c) ; the area represented by temperature levels 4 and 5 decreased by 21.7%, and the URI value decreased from 0.55 to 0.36. Since its relocation, the Shougang Group has focused on building the New Shougang High-end Comprehensive Service Area 
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Temporal Analysis of SUHI Changes in the Shougang Industrial Area
Urban construction in China was in a stage of rapid development between 2000 and 2005, concurrent with yearly increases in steel production at the Shougang industrial site. During this period, the area represented by temperature levels 4 and 5 increased from 38.85% to 63.57% (Figure 3a,b) , and the URI value increased from 0.34 to 0.55. Beginning in 2005, the Shougang Group relocated gradually to a coastal area in Hebei Province. Steel production decreased annually in the investigated area, and production was halted until the end of 2010. Although steel production continued in May 2010, the SUHI effect was apparently lower than in 2005 ( Figure 3c) ; the area represented by temperature levels 4 and 5 decreased by 21.7%, and the URI value decreased from 0.55 to 0.36. Since its relocation, the Shougang Group has focused on building the New Shougang High-end Comprehensive Service Area in the investigated area, making it a "green," low-carbon demonstration garden. Many of the industrial ruins have been preserved; former factories have been divided into an industrial theme park, culture creative industry, comprehensive serving center, headquarters economy zone, and business development complex. By 2016, level 5 temperatures had almost disappeared (Figure 3d ) and the URI had decreased to 0.21. Overall, the SUHI was greatly mitigated in the investigated area.
To study the dynamics of the SUHI in the investigated area following the Shougang relocation and reconstruction, the image difference technique was applied based on density slicing of LST images from 2005 and 2016. The produced difference image ( Figure 5) shows the patterns of change in the SUHI between 2005 and 2016. A general decrease of the SUHI over these 11 years is illustrated, as the green patches representing decreased temperature areas are larger and more numerous than the red patches representing increased temperature areas. Quantitatively, the area representing high temperature levels (4 and 5) (Figure 3d ) and the URI had decreased to 0.21. Overall, the SUHI was greatly mitigated in the investigated area.
To study the dynamics of the SUHI in the investigated area following the Shougang relocation and reconstruction, the image difference technique was applied based on density slicing of LST images from 2005 and 2016. The produced difference image ( Figure 5) shows the patterns of change in the SUHI between 2005 and 2016. A general decrease of the SUHI over these 11 years is illustrated, as the green patches representing decreased temperature areas are larger and more numerous than the red patches representing increased temperature areas. Quantitatively, the area representing high temperature levels (4 and 5) decreased by 63.57% to 26.07% between 2005 and 2016. The calculated URI also suggests that the Shougang area SUHI was substantially mitigated. Many high-temperature areas, such as those where the blast furnace (BF) and rolling mill (RM) were located, disappeared. (Figure 3c ). However, in areas where production had stopped, such as the BF and CO areas, LST levels were significantly lower. Following relocation and reconstruction, the area representing temperature level 5 decreased significantly, to 0.86%. The difference image shows green patches over formerly hightemperature areas, such as those where the BF, CO, and RM were located, with temperature reductions of up to 3 °C. (Figure 3c ). However, in areas where production had stopped, such as the BF and CO areas, LST levels were significantly lower. Following relocation and reconstruction, the area representing temperature level 5 decreased significantly, to 0.86%. The difference image shows green patches over formerly high-temperature areas, such as those where the BF, CO, and RM were located, with temperature reductions of up to 3 • C.
Thermal Changes in the Surrounding Area
The minimum area influenced by a SUHI effect has been determined to be 150% of an urban area in SUHI-related research [43] . To study the effects of the Shougang Group on the surrounding area before and after relocation, part of 150% of the Shougang industrial area was selected as the surrounding area (Figure 1c, green area) .
Images of the distribution of LST levels in 2005 and 2016 and a difference image were acquired using the same data processing method used to create the Shougang industrial area image (Figure 6) . Green patches (level 1) near the Yongding River increased substantially following the Shougang industrial area relocation. Red patches (levels 4 and 5), which represent residential areas, also increased, possibly due to man-made, engineered infrastructure.
Images of the distribution of LST levels in 2005 and 2016 and a difference image were acquired using the same data processing method used to create the Shougang industrial area image (Figure 6) . Green patches (level 1) near the Yongding River increased substantially following the Shougang industrial area relocation. Red patches (levels 4 and 5), which represent residential areas, also increased, possibly due to man-made, engineered infrastructure. 
The Relationship between SUHI and Land Cover Type
UHI intensity is related to patterns of land use and land cover change (LUCC); e.g., the composition of vegetation, water, and building land, and changes therein [44] .To determine the reason for SUHI intensity changes in the Shougang industrial area, we used the IBI to extract the building and nonbuilding areas in the four years studied (Figure 4) . We calculated the percentages of pixels representing building and nonbuilding areas ( Table 2) . Corresponding to industrial relocation, the percentage of building area decreased from 94.50% to 77.23%, and the URI decreased from 0.55 to 0.21. The number of pixels for each LST level differed between building and nonbuilding areas. We inferred that land cover type might be related to LST; accordingly, we developed statistics describing the effects of LST level distribution on LUCC ( Figures  4 and 5) . We calculated the frequency of LST levels 1-5 in building and nonbuilding areas, and created histograms and normal distribution curves (Figure 7) . The gray histogram represents the distribution frequency of each LST level in building areas, and green represents nonbuilding areas. Means (μ) and standard deviations (σ) are presented in Figure 7 . 
UHI intensity is related to patterns of land use and land cover change (LUCC); e.g., the composition of vegetation, water, and building land, and changes therein [44] .To determine the reason for SUHI intensity changes in the Shougang industrial area, we used the IBI to extract the building and nonbuilding areas in the four years studied (Figure 4) . We calculated the percentages of pixels representing building and nonbuilding areas ( Table 2) . Corresponding to industrial relocation, the percentage of building area decreased from 94.50% to 77.23%, and the URI decreased from 0.55 to 0.21. The number of pixels for each LST level differed between building and nonbuilding areas. We inferred that land cover type might be related to LST; accordingly, we developed statistics describing the effects of LST level distribution on LUCC (Figures 4 and 5) . We calculated the frequency of LST levels 1-5 in building and nonbuilding areas, and created histograms and normal distribution curves (Figure 7) . The gray histogram represents the distribution frequency of each LST level in building areas, and green represents nonbuilding areas. Means (µ) and standard deviations (σ) are presented in Figure 7 . A smaller σ value indicates that the data distribution was more aggregated. During the development and relocation periods, 2005 and 2016, σ was smaller in the Shougang industrial area, indicating that LST levels were more aggregated. In 2005, the most frequent LST level was 4, due to the release of abundant thermal pollution during steel production. In 2016, the most frequent LST level was 3, due to the relocation of the Shougang industrial area, which caused decreases in artificial heat and building areas. The mean value of each LST level in the nonbuilding areas was lower than that in the building areas. Most of the production equipment in the Shougang industrial area was preserved, such that the building areas decreased by only 17.27% following the relocation, with very little LUCC. We conclude that the mitigation of UHI intensity was due mainly to the halting of steel production. Some studies have indicated that differences in UHI can be attributed to three factors: the production of anthropogenic energy, the effects of energy transformation in cities, and a decrease in evapotranspiration [24] .
The Relationship between URI and Steel Production
Steel production data for each study year were collected from the Shougang Group website (http://www.shougang.com.cn/). Regression analysis was performed to determine the relationship between the URI and steel production using several regression models, including linear, exponential, polynomial, logarithmic, and power models. The results show that the URI was correlated positively with steel production, indicating that the increase in steel production contributed to thermal pollution in the region (Figure 8) . Among regression models, the exponential model produced the highest R 2 value, demonstrating an exponential relationship between the URI and steel production. A smaller σ value indicates that the data distribution was more aggregated. During the development and relocation periods, 2005 and 2016, σ was smaller in the Shougang industrial area, indicating that LST levels were more aggregated. In 2005, the most frequent LST level was 4, due to the release of abundant thermal pollution during steel production. In 2016, the most frequent LST level was 3, due to the relocation of the Shougang industrial area, which caused decreases in artificial heat and building areas. The mean value of each LST level in the nonbuilding areas was lower than that in the building areas. Most of the production equipment in the Shougang industrial area was preserved, such that the building areas decreased by only 17.27% following the relocation, with very little LUCC. We conclude that the mitigation of UHI intensity was due mainly to the halting of steel production. Some studies have indicated that differences in UHI can be attributed to three factors: the production of anthropogenic energy, the effects of energy transformation in cities, and a decrease in evapotranspiration [24] .
Steel production data for each study year were collected from the Shougang Group website (http://www.shougang.com.cn/). Regression analysis was performed to determine the relationship between the URI and steel production using several regression models, including linear, exponential, polynomial, logarithmic, and power models. The results show that the URI was correlated positively with steel production, indicating that the increase in steel production contributed to thermal pollution in the region (Figure 8) . Among regression models, the exponential model produced the highest R 2 value, demonstrating an exponential relationship between the URI and steel production. 
Conclusions
Remote sensing technology, characterized by airborne and satellite-based Earth observation platforms, provides an effective way to continuously monitor changing processes on the landscape [45] . We used four Landsat images to detect thermal changes due to industrial relocation. The remote sensing technique enabled convenient and efficient detection of thermal pollution. The normalization method, density-slicing technique, and URI were used to compare temperatures recorded in different periods. Spatial and temporal SUHI analysis indicated that the relocation and reconstruction of the Shougang industrial area significantly mitigated thermal pollution, in the thermal source area and the surrounding area. The URI of the Shougang industrial area decreased from 0.55 in 2005 to 0.21 in 2016. The relocation process removed thermal sources, such as BFs and an RM. The surrounding area, including the Yongding River, experienced significant thermal mitigation following the relocation of the industrial area. The IBI was used to detect changes in building and nonbuilding areas. By analyzing the mean LST level for different land cover types, we found that SUHI mitigation in the Shougang industrial area was due mainly to the halting of steel production, as land cover types changed very little. We examined the relationship between URI and steel production, and found that the increase in steel production contributed to a rise in thermal pollution in the region. This study showed that Landsat thermal infrared data can be used to detect thermal pollution and monitor changes in capacity. Thermal pollution has become a serious problem in China due to rapid urbanization. Thus, this study will be of great significance in detecting thermal anomalies and providing technical support for urban planning departments.
Although this work has contributed to progress in the application of remote sensing technologies to detect thermal pollution, and determined the relationship between thermal pollution and steel production, other factors, such as the iron and steel smelting processes, may influence energy release. Therefore, more research needs to be conducted to discover the influence of production technology on the thermal environment.
